ABSTRACT Motivation: MicroRNAs (miRNA) are ∼22 nt long non-coding RNAs that are derived from larger hairpin RNA precursors and play important regulatory roles in both animals and plants. The short length of the miRNA sequences and relatively low conservation of pre-miRNA sequences restrict the conventional sequence-alignment-based methods to finding only relatively close homologs. On the other hand, it has been reported that miRNA genes are more conserved in the secondary structure rather than in primary sequences. Therefore, secondary structural features should be more fully exploited in the homologue search for new miRNA genes. Results: In this paper, we present a novel genome-wide computational approach to detect miRNAs in animals based on both sequence and structure alignment. Experiments show this approach has higher sensitivity and comparable specificity than other reported homologue searching methods. We applied this method on Anopheles gambiae and detected 59 new miRNA genes.
INTRODUCTION
MicroRNAs (miRNAs) are ∼22 nt long endogenous non-coding RNAs that play important regulatory roles in diverse organisms (Bartel and Bartel, 2003; Bartel, 2004; He and Hannon, 2004; . In animal cells, miRNA genes are first transcribed as long pri-miRNAs (Lee et al., 2002) and processed to ∼70 nt precursors (pre-miRNA) with stem-loop structure by the RNase III enzyme Drosha (Lee et al., 2003) . Then, another RNase III enzyme Dicer (Grishok et al., 2001; Hutvagner et al., 2001; Ketting et al., 2001 ) cuts the pre-miRNAs to release the ∼22 nt mature miRNAs (Lee et al., 2002 (Lee et al., , 2003 . Finally, RNA-induced silencing complexes (Hammond et al., 2000) are formed to regulate the expression of target genes via complementary base pair interactions. In plants, the maturation process of miRNAs is similar to that in animals, but the length of the pre-miRNAs are more variable and their structures are more complex (Bartel, 2004) .
Since the first miRNA was discovered in Caenorhabditis elegans (Lee et al., 1993) hundreds of miRNAs have been cloned in many organisms (Lagos-Quintana et al., 2001; Lau et al., 2001; Lee and Ambros, 2001 ). However, only abundant miRNA genes can be easily detected by PCR or northern blot due to limitations of the techniques. For finding those low-expression or tissue-specific miRNA genes computational prediction provides an efficient strategy (Bartel, 2004) .
Up to now, several computational approaches have been reported to identify miRNAs. Comparative genomics was adopted to find entirely novel miRNA families in specific animals and plants (Bonnet et al., 2004; Jones-Rhoades and Bartel, 2004; Lim et al., 2003a,b; Ohler et al., 2004; Wang et al., 2004) . Homologue search was used to reveal orthologs and paralogs of known miRNAs (Lagos-Quintana et al., 2001; Lau et al., 2001; Lee and Ambros, 2001; Maher et al., 2004; Pasquinelli et al., 2000; Weber, 2005) . Because the mature miRNA sequences are short (∼22 nt), current sequence alignment tools like BLAST (Altschul et al., 1990) can only find the nearly-perfect matches due to the large number of irrelevant hits. The ∼70 nt pre-miRNA sequences have also been used for homologue search. However, compared with miRNA and miRNA* (the fragments on the opposite arm of the hairpin) (Lau et al., 2001 ) the other parts of the precursor sequence are less conserved. Therefore, sequence alignment alone may fail to detect the distant homologs that diverge in sequence but keep conservation in structure (Legendre et al., 2004) . So, more sensitive approaches that take the advantage of both sequence and structure conservation are needed. Recently, an ERPIN (Gautheret and Lambert, 2001) search strategy was reported (Legendre et al., 2004) , which used profiles to capture both sequence and structure information of animal miRNA precursors. This method increased the number of found novel miRNA candidates by 17% compared with BLAST search, but the construction of profile makes it only applicable to miRNA families with sufficient known samples.
In this paper, we present a novel computational approach named miRAlign that detects new miRNAs based on both sequence and structure alignment. Two main characters make miRAlign distinct from existing homologue search methods: firstly, to be able to find distant homologs, miRAlign requires neither the sequence conservation of the whole pre-miRNA sequence nor the nearly-perfect match of the ∼22 nt mature part, but just assumes relatively loose conservation of the mature miRNA sequence. Secondly, more properties of miRNA structure conservation are considered. And unlike profile search methods, which need relatively large family members to construct the profile, miRAlign introduces a structure alignment strategy and can use each single miRNA as a query to do homology search. In our experiments, miRAlign outperforms conventional BLAST search and ERPIN search by higher sensitivity and comparable specificity. Using this method, more distant miRNA homologs or orthologs can be revealed.
MATERIALS AND METHODS

miRNA reference sets and genomic sequences
The miRNAs and their precursor sequences were downloaded from the MicroRNA Registry (Ambros et al., 2003; Griffiths-Jones, 2004) 
Extraction of miRNA candidate sequences (preprocessing)
Several preprocessing steps are taken to draw miRNA candidate sequences from the genome. Firstly, all the known pre-miRNAs in the training set are used as queries to BLAST search against the genome with a sensitive BLAST parameter setting (word-length 7 and E-value cutoff 10). Next, sequence segments of the potential regions are cut from the genome with 70 nt flanking sequences to each end and scanned by a 100 nt-sliding window with a step of 10 nt. The sequences overlapping with repeat sequences are discarded and the remains are treated as miRNA candidates to be scored by miRAlign. miRAlign miRAlign is designed to find new miRNAs using both sequence information and structural characteristics of known miRNAs. For a given ∼70 nt candidate miRNA precursor sequence, miRAlign assigns it a similarity score by following five steps.
(1) Secondary structure prediction. Both the candidate sequence and its reverse complementary are analyzed by miRAlign. The secondary structures of both strands of the candidate are predicted by RNAfold (Hofacker et al., 1994) using minimum free energy (MFE) rule (Zuker and Stiegler, 1981) . Only the strands with MFE lower than −20 kcal/mol are kept for further analysis.
(2) Pairwise sequence alignment. The strands of the candidate sequences that pass Step 1 are pairwisely aligned to all the ∼22 nt known miRNA sequences in the training set. Sequence similarity score (mature_seq_sim) between the candidate and each known mature miRNAs is calculated by CLUSTALW (Thompson et al., 1994) . The candidate-to-known miRNA pairs are kept as potential homologue pairs for further analysis only if their mature_seq_sim exceed a user-defined threshold min_seq_sim. Here, min_seq_sim = 70 is selected as the default parameter for miRAlign in our experiments. More than 98.1% of the known animal miRNA homologs have sequence similarity higher than this value (Supplementary Figure S1 ). For each of those potential homologue pairs, the ∼22 nt sub-sequence on the candidate that aligns to the known miRNA is regarded as potential miRNA.
(3) miRNA's position on the stem-loop structure. Three properties for the ∼22 nt miRNA's position on the stem-loop structure derived from the miRNA reference set are considered by miRAlign for each of the potential homologue pairs: (a) the ∼22 nt potential miRNA sequence should not locate on the terminal loop of the hairpin structure; (b) potential miRNA should locate on the same arm of the stem-loop structure as its known homologs and (c) the position of the potential miRNA sequence on the stem-loop structure should not differ too much from its known homologs.
The position difference of the mature miRNAs (or potential mature miRNAs) on the stem-loop structure between precursor A and B is calculated by
where hplen denotes the number of the nucleotides between the ∼22 nt miRNA and miRNA* (Fig. 1) . A δ_len value close to zero indicates that there are few deletions or insertions occurred between the miRNA homologs.
In our experiments, a non-stringent δ_len cutoff 15 was used as the default parameter. Over 97.5% of the known animal miRNA homologue pairs have δ_len less than this value (Supplementary Figure S2) . (4) RNA secondary structure alignment. To measure the secondary structure conservation of the potential homologue pairs, RNAforester (Hochsmann et al., 2003) is used to compute pairwise structure alignment. This tool implements a tree alignment model. It can calculate local structure alignment and give a similarity measure of two structures. Here, the parameter '-RIBOSUM' is used, and RNAforester calculates structure alignment considering both sequence and structure information by using the base and base pair substitution matrix RIBOSUM85-60 as described in Klein and Eddy (2003) . Using this log-odd position independent substitution matrix, this tool can use a single sequence as a query to align against the target sequence (while profilebased scoring scheme like ERPIN needs large family members to construct the profile and compute position dependent log-odds scores).
The raw structure alignment score σ local computed by RNAforester is the summation of all base (base pair) match (insertion, detention, etc.) scores in the alignment. It cannot be used directly to measure the similarity for the structures with different sizes. We define the normalized similarity score of structure C and m as ranges from 0 to 100. The higher this value, the more similar are the two structures.
(5) Total similarity score. After aligning all the potential homologue pairs, a total similarity score (tss) is assigned to the candidate sequence. This tss is defined as
where C denotes the candidate sequence, R is the set composed of all the C's miRNA homologs identified in Step 3. tss is defined to be zero if R is empty. As the two strands of the candidate sequence are analyzed by miRAlign independently, the strand with higher score is chosen as the final result for the candidate sequence. An overview description of the miRAlign procedures is shown in Figure 2 .
RESULTS AND DISCUSSION
Application on C.briggsae
MicroRNA Registry 5.0 contains 79 C.briggsaes miRNAs, all of which were predicted by the homologous search. So we first applied our method on C.briggsaes data with the training set Train_Sub_1 to check the sensitivity and specificity of miRAlign. Then Train_Sub_2 was used as the training set to investigate the ability of miRAlign to find new miRNAs between distantly related species.
Detection of miRNA homologs. Using training set Train_Sub_1, which contains all the animal miRNAs except for those from C.briggsae, ∼96 500 candidate sequences passed the preprocessing step and all of them were scored by miRAlign. Candidates belonging to same regions on the genome were merged and represented by the one with the highest tss score. In total, ∼1050 non-overlapping candidates got none-zero tss, including 74 miRNAs among the 79 reported C.briggsae miRNA genes (Fig. 3A) . With a tss cutoff of 35, 90 putative miRNA sequences were detected, and a sensitivity of 89.9% was achieved by finding 73 copies of 71 known C.briggsae miRNA genes. Supplementary Table S1 lists the novel putative miRNAs with tss >35. Eight genuine C.briggsae miRNA genes with tss cutoff 35 were not identified by miRAlign. Four of them were missed during the BLAST search in the preprocessing step; one's mature part overlaps with the hairpin-loop; and the other three got tss <35. For the four 'BLAST-missing' miRNAs, we used their reported precursor sequences directly as the input of miRAlign and three of them got tss >35. Identification of miRNAs in distantly related species. All C.briggsae miRNAs in MicroRNA Registry 5.0 were predicted based on close homologs to verified miRNAs from C.elegans. Obviously, the C.elegans miRNAs in the training set greatly contribute to the homologue search results. In order to investigate the ability of miRAlign to identify miRNAs in distantly related species, we performed the experiment described above by using the training set Train_Sub_2, in which both the C.briggsae and C.elegans miRNAs are excluded. There were 18 putative miRNAs that got tss >35, but only 8 known C.briggsae miRNAs genes were included (Table 1) . We investigated these known miRNAs that failed to be detected in this experiment and found that most of them were lost in the preprocessing step. If we directly use miRAlign to score the known C.briggsae pre-miRNAs with a sensitive parameter mature_seq_sim 60, 20 known miRNAs could get tss >35. This suggests that miRAlign can be used to find miRNAs in relatively distant related species with the help of more sensitive sequence alignment approaches in the preprocessing step. This character will facilitate the extension of known miRNA set from the current limited number of species to a wide range. However, we also noticed that there still remain some miRNA homologs failed to be detected by miRAlign because of their greater divergence in either primary sequences or secondary structures. tss cutoff selection. As shown in Figure 3A , we may detect more putative miRNAs by using a lower tss cutoff. However, the increase in sensitivity will decrease the specificity. So it is essential to find out a tss cutoff that has reasonable selectivity and satisfactory sensitivity. Because the number of false positives is inaccessible directly without experimental verification, we estimated it based on the miRAlign hits on 10 randomly shuffled C.briggsae genomes using the training set Train_Sub_1. When choosing a tss of 45 as a cutoff, 86.1% sensitivity is achieved and no false positive hits are found. When the cutoff decreases to 35, the sensitivity increases to 89.9% while the average number of false positive hits only increases to 0.9 per random genome. As shown in Figure 3B , typically, a tss cutoff between 35 and 45 can reasonably balance the sensitivity and selectivity. Though the number of false positives is influenced by many factors like GC content of the genome, in our experiments, it is mainly related to the size of the training set and the number of candidate sequences (which is principally determined by the BLAST E-value in the preprocessing step) in the test set. Here, the BLAST E-value 10 was selected in the preprocessing step and the training set contains ∼1000 miRNAs. Based on this estimation, one can choose a proper tss cutoff for his own application.
Comparison with other methods
We compared miRAlign with BLAST search and ERPIN search (Legendre et al., 2004) on several genomic datasets. All the known pre-miRNA sequences in training sets Train_Sub_1 and Train_Sub_2 were used as BLAST search queries against the C.briggsae genome, with a non-stringent BLAST parameter setting (word length = 7, E-value cutoff = 0.01). Only the BLAST hits that can be fold with MFE lower than −20 kcal/mol were treated as putative miRNAs. Table 1 shows the summary of the results of BLAST search and miRAlign search. With Train_Sub_1, 66 and 71 known miRNAs genes were detected by BLAST search and miRAlign, respectively, 63 of which are identical. The average numbers of false positives are 7.1 and 0.9 using the two methods, respectively. With Train_Sub_2, known miRNAs detected by BLAST search and by miRAlign sharply decreased to 5 and 8, respectively. And the average numbers of false positives per C.briggsae genome slightly reduced to 5.9 and 0.8. In this case, all the five BLAST-hits were also detected by miRAlign. This result illustrates that miRAlign outperforms BLAST search in both sensitivity and selectivity, and furthermore, nearly all the known miRNAs hit by BLAST can be detected by miRAlign also. The latest version of ERPIN 4.2.5 and the 18 animal miRNA training sets (Legendre et al., 2004) were downloaded from http:// tagc.univ-mrs.fr/erpin/, and the recommended parameters for each training set were also got from the ERPIN website. These datasets contain 180 pre-miRNAs from C.briggsae (15), C.elegans (23), D.melanogaster (31), H.sapiens (54) and M.musculus (57). For the sake of comparison, we performed ERPIN and miRAlign search using these 180 miRNAs as training data on five genomes (C.elegans, C.briggsae, D.melanogaster, D.pseudoobscura and G.gallus) and used ERPIN E-value 0.01 and miRAlign tss 35 as our threshold for the putative miRNAs. Table 2 shows the statistics of miRAlign and ERPIN results. Despite that the training set is favorable for ERPIN search (all these miRNAs in the training set can be grouped in large families to construct the profile), miRAlign achieved comparable specificity and higher sensitivity than ERPIN search on all five genomes used in this study, and identified all the known miRNAs searched by ERPIN. Though on these large miRNA families the improvement on sensitivity is not very dramatic, in practical applications, greater improvement can be expected because miRAlign can be applied on all miRNA families but ERPIN only works for larger ones.
Prediction of miRNAs in A.gambiae
A.gambiae, which has diverged from D.melanogaster ∼250 million years ago, is a highly adapted, successful dipterans species (Gaunt and Miles, 2002; Yeates and Wiegmann, 1999) . This mosquito is a major vehicle for the transmission of malaria. Up to now, no experimentally identified or computationally predicted A.gambiae miRNAs are reported. We applied our approach on the A.gambiae data using Train_all as the training set. There are totally ∼1100 nonoverlapped candidates getting non-zero tss, of which 59 putative miRNA sequences are detected with tss >35. During our revision of this paper, 38 A.gambiae miRNAs were reported in the MicroRNA Registry release 6.0, and 37 of them were covered by our predictions. This result validates the sensitivity and accuracy of our method. Supplementary Table S2 lists the putative novel miRNAs predicted by miRAlign.
CONCLUSION
We developed a new computational approach called miRAlign to predict new miRNA genes that are homologs or orthologs to known miRNAs. Combining sequence and structure alignments, miRAlign has better performance than previously reported homologue search methods. With the help of this method and other high-throughput computational approaches, systematic genome-wide annotation will gradually reveal the panorama of the miRNAs and help us to further understand the functions and evolutionary footprint of miRNAs.
It should be noted that our experiments in this work are mainly on animal data. We also investigated the feasibility of the application of miRAlign for plant miRNA homologue search. A sensitivity of 70% was achieved by detecting 28 of the 40 known Zea mays miRNAs genes (Maher et al., 2004) with A.thaliana and O.sativa miRNAs as the training set (data not shown). This result indicates that miRAlign can be also applied in plants and further investigation is undergoing.
